Background: EQ-5D data are often summarised by an EQ-5D index, whose distribution for its original version, the EQ-5D-3L, often shows in patient populations two distinct groups, arising from both the distribution of ill health and how the index is constructed (Parkin et al., 2016) . To date, there is little evidence about the distribution of the EQ-5D-5L index.
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INTRODUCTION
The EQ-5D (Devlin and Brooks, 2016) has been extensively used worldwide in clinical trials, observational studies and clinical practice (Appleby et al, 2016) . EQ-5D data are often summarised by a single number index, calculated by applying value sets to EQ-5D profiles (Szende et al, 2007 ). An EQ-5D index is anchored at 1, representing full health and 0, meaning a health state as bad as being dead, a requirement for the use of these data to estimate Quality Adjusted Life Years (QALYs) for purposes such as cost effectiveness analysis.
The EQ-5D describes health in terms of five dimensions. The original EQ-5D (now called the EQ-5D-3L) has three response options (no, some or extreme problems), and the subsequent EQ-5D-5L (Herdman et al, 2011) has five (no, slight, moderate, severe, or extreme problems). It has been found that the distribution of the EQ-5D-3L index is often characterised by two distinct clusters, or groups, of observations -as shown in the example in Figure 1 -which could reflect the actual distribution of ill health, but might also be an artefact of how the index is constructed . Figure 1 . Distribution of pre-surgery EQ-5D index scores for hip replacement patients, using the UK EQ-5D-3L value set.
Source: Parkin et al (2016) Parkin et al (2016) show that this two-group distribution results from both how the EQ-5D-3L classification generates profiles and also the characteristics of EQ-5D-3L value sets. These include the low values assigned to profiles that include an extreme response in any dimension by, for example, the value set commonly used in the United Kingdom (Dolan, 1997) .
To date there has been little work to explore whether distributions of EQ-5D-5L data have similar characteristics. There are relatively few EQ-5D-5L data accessible to researchers and EQ-5D-5L value sets are only now becoming available ( the EQ-5D-5L index could only be calculated using a mapping (sometimes called 'crosswalk') algorithm derived from the EQ-5D-3L descriptive system and value sets (van Hout et al, 2012). Increasing use of the EQ-5D-5L, for which requests for licenses now exceed those for the EQ-5D-3L (Devlin and Brooks, 2016) , mean that understanding the characteristics of these distributions is timely.
There are good grounds for hypothesising that the EQ-5D-5L index data might not have the two-group distribution commonly observed for the EQ-5D-3L. First, a study comparing the distributions of EQ-5D-3L and EQ-5D-5L profile data from the general population sample in England found a wider spread of health states reported, including a larger proportion who reported severe problems (levels 4 and 5 in the 5L version; level 3 in the 3L version) and fewer who reported no problems (full health '11111' in both versions of the EQ-5D instrument) (Feng et al, 2015) . Similar findings were reported by Craig et al (2014) using data from the general population sample in the US to compare the performance of 3L and 5L versions of the EQ-5D instrument. These results suggest that the EQ-5D-5L may generate no clustering, or a different type of clustering, in the distribution of index values.
Secondly, as Figure 2 shows, the distribution of values for the EQ-5D-5L value set for
England ) over all possible profiles does not have the two group shape of the EQ-5D-3L value set. This suggests that the value sets may not in themselves generate clusters, and even if clusters are generated by EQ-5D-5L patient profiles, this may not be reflected in the value set. The distributions of EQ-5D-5L index data may also differ according to whether they are generated from the mapped value sets or the newer EQ-5D-5L value sets. This study also aims to develop further the methods reported in Parkin et al (2016) to investigate clustering -specifically, how the number of clusters identified in data sets is determined.
DATA
The data were collected as part of routine clinical practice in Cambridgeshire Community Services, part of the English NHS. Clinicians provide a paper copy of the EQ-5D-5L to 
METHODS
Distribution of the EQ-5D-5L profiles and EQ-5D-5L index
We first report the distribution of the EQ-5D-5L profiles and index for all patients and for each treatment group, with the aim of checking for clusters in each. We calculated two index values, one by applying to the profiles the MVS (van Hout et al, 2012) and the other the EVS . We used a skewness and kurtosis test for normality of the resulting distribution.
Cluster analyses of the EQ-5D-5L profile data
We explored whether clusters of values can be generated by EQ-5D-5L profiles themselves in two ways, using the full EQ-5D-5L set of 3,125 profiles and both the MVS and the EVS. First, we divided profiles into two groups in three ways, according to whether they had level 5 in any dimension or no level 5 in any dimension, and similarly for levels 4 and 5 and levels 3, 4 and 5. This follows the method used Parkin et al (2016) , although it is more complicated because of the greater number of levels.
Secondly, we examined the differences between consecutive EQ-5D-5L values ordered by size, to see if we could identify any notable gaps in the distribution.
Cluster Analyses of the EQ-5D-5L index data
Cluster analysis was used to search for clusters within the EQ-5D-5L index distribution.
We applied two search methods to determine the optimal number of clusters: the kmeans cluster method and the Calinski-Harabasz pseudo-F index stopping rule. The criterion to select the optimal number of clusters is a combination of the kmeans-derived within-sum-of-squares (WSS) statistic, the pseudo-F statistic, and the robustness of these two statistics when different initial values are applied.
The kmeans cluster algorithm (Makles, 2012) searches for the optimal partition in k clusters by minimising the within-sum-of-squares WSS(k) summed over all clusters. We experimented with the number of clusters from k=1 to 20 and report four statistics for each: WSS(k); the natural log of WSS, log(WSS(k)); the proportional reduction of the WSS for each cluster solution k compared with the total sum of squares (TSS), η 2 (k); and the proportional reduction of the WSS for cluster solution k compared with the previous solution k − 1, (PRE(k)). We use graphs to search for kinks in the curve generated from the within sum of squares (WSS) or log(WSS), which correspond to a large proportional reduction according to η 2 (k) and PRE(k). As a sensitivity analysis, we check whether or not using the kmedians cluster method instead of the kmeans cluster method affects the choice of the optimal number of clusters.
Many stopping rules are available to determine the optimal number of clusters. Milligan and Cooper (1985) evaluated 30, identifying the Calinski-Harabasz pseudo-F index (Calinski-Harabasz, 1974 ) and the Duda-Hart index (Duda-Hart, 2001 ) as the best.
However, the Duda-Hart index only works for hierarchical cluster analysis, which does not apply to our data set. We therefore calculated pseudo-F for each cluster, a larger value of which indicates more distinct clustering. The optimal cluster k is defined as the first for which the pseudo-F statistic decreases, that is F(k+1)<F(k).
Using both methods, the optimal number of clusters found may depend on the initial value specified for k in the clustering algorithm. To test this, we defined the k initial values using 50 random draws from the range of the EQ-5D-5L index distribution in our sample (MVS: 0.594 to 0.906; EVS: -0.281 to 0.951; both excluding index=1) and one initial value which assumed equal-sized partitions between clusters. The WSS and pseudo-F statistics for the optimal cluster k should be robust for different initial values in the clustering analyses. If more than two different solutions are generated among the 51 implementations of the algorithm, we regard the cluster not to be a robust solution.
RESULTS
Distributions of EQ-5D-5L profiles and index
1,730 profiles were observed in the all-patients data. Table 1 shows the number of patients in each level of each of the five dimensions for all patients and the three treatment groups. These distributions differ considerably across different dimensions and groups. For MSK, the dimension which had the largest proportion of no problems (level 1) was self-care (61.69%), while the smallest proportion was for pain/discomfort (3.63%). For specialist nursing, the largest proportion was again for self-care (57.40%), but the smallest was mobility (33.1%). For community rehabilitation, the largest proportion was for anxiety/depression (45.70%) and the smallest usual activities (13.17%). The largest difference between the different groups in the number reporting no problems was for pain/discomfort (33.77%) between MSK and specialist nursing, and the smallest was for anxiety/depression (10.46%) between MSK and community rehabilitation. Figures 3 and 4 show the distributions of MVS-and EVS-based EQ-5D-5L index values for all patients and the three treatment groups, with imposed kernel estimates.
Skewness and kurtosis tests reject the normality hypothesis for each of these distributions at the 1% level.
All of the distributions are negatively skewed. For the MVS, there is a noticeable gap between the values of 11111 and the next highest health state and, for community rehabilitation patients only, the kernel estimates suggest a bimodal distribution, similar to the two-group distributions found in EQ-5D-3L data, although there is no observable gap between these groups. There also appears to be a noticeable change in the shape of the distribution at around the value 0.5. None of these is apparent for the EVS data.
These observations suggest that the MVS values may inherit some of the characteristics of the EQ-5D-3L values on which they are based. 
Searching for clusters of profiles
We used two ways to examine whether the composition of profiles and their values for the full set of EQ-5D-5L profiles is likely in itself to generate clusters of values within real data sets, for both the EVS and the MVS. First, Table 2 shows how the presence of particular levels within dimensions affects the values that profiles have. Profiles were partitioned according to the presence or absence in any dimension of level 5, levels 4 and 5, and levels 3, 4 and 5. In each line of the table, we report in the third and fourth columns the lowest value taken by a profile that does not contain the level or levels and the highest value taken by a profile that does.
The fifth column shows the number of profiles that take a value below the lowest for those that do not contain the level or levels, which by definition all do contain them. The eighth column similarly shows the number of profiles that take a value above the highest for those that contain the level or levels, all of whom do not. Columns six and seven show the extent of overlap, the number of profiles whose values lie within these lowest The extent of the overlaps between profiles that do or do not contain worse levels does not suggest any obvious clustering. For profiles that do not have worse levels, many more have values that are within the range of values taken by profiles that do have them, rather than are above that range. Profiles that contain worse levels also form the large majority of those whose values lie in the range taken by profiles that do not. Most differences are small; we used as an illustration a search for differences > 0.01.
For the MVS, there are 9 of these, the largest of which (0.094) is between health states 11111 (value=1) and 11211 (value = 0.906). Another is also close to the highest value, and 7 are close to the lowest value. For the EVS, there are 6 differences >0.01, the biggest of which (0.049) is between health states 11111 (value = 1) and 12111 (value = 0.951). Another is close to the highest index value, and 4 are close to the lowest value.
Again, these data do not suggest any obvious clusters, just a slight spreading out of the distribution at the extremes. Tables 3 and 4 show the results of the sensitivity analyses using different initial values.
Searching for clusters of index values
The second row shows the stopping rule clusters k* for the first decrease in pseudo-F. This stopping rule does not result in a unique optimal k* but depends on the choice of initial values. Therefore, we present a range of partitions in k clusters for the MVS and the EVS, which varies from 5 to 19 and 6 to 18 respectively. This variability of stopping rule clusters is also observed for the three treatment groups. The WSS and pseudo-F index statistics are never robust to different initial values for the whole sample when k > 5. For clusters k at 5 or less, the larger the clusters, the more distinct they are. The last row of Tables 3 and 4 show the robust value when k 5, based on the pseudo-F index. Table 4 suggests that for the EVS index for all patients, the most robust number of clusters is three. Two, three and four clusters each had two solutions, but three clusters reported the smallest number of switchers (0.12% for two clusters; 0.04% for three; and 1.18% for four). For MSK, two clusters are robust as this gave a unique solution for all 51 starting values. There were more than two solutions for greater numbers of clusters. For specialist nursing, four clusters was robust. Two and four clusters both generated unique solutions, but four clusters had more distinct partitions according to pseudo-F. For community rehabilitation, two clusters generated a unique solution, but greater numbers of clusters did not generate any robust solutions.
Using kmedians instead of kmeans gave similar results, reported in Appendices 1 and 2, and did not demonstrate greater robustness.
[Insert Appendices 1 and 2]
The summary statistics for each cluster of the MVS-and EVS-based indexes are reported in Table 5 and Table 6 
DISCUSSION
The patients whose data were analysed in this paper differ considerably from those analysed by Parkin et al (2016) . Our comparison of the three-and five-level versions of the EQ-5D therefore assumes that each data set demonstrates general characteristics of the EQ-5D indexes, rather than of particular patient groups. There was no obvious evidence that EQ-5D-5L profiles themselves resulted in clustering, unlike the EQ-5D-3L.
Both studies found non-normal distributions of values, and as with the three-level data, our new study found two distinct clusters, but only for the MVS.
Although clustering was found for both the MVS and EVS, they generated different clusters. The results were much more clear for the MVS in the sense of resulting in two optimal clusters, and as suggested were similar to the clustering of the EQ-5D-3L. A possible explanation is that the MVS inherits important characteristics of the EQ-5D-3L
value set, in addition to the obvious one, its range of possible values.
Cluster analysis proved to be a useful exploratory tool, but a limitation of its use in our study is that arbitrary judgements are involved in deciding the number of robust clusters. For the EVS, there was no k 5 that gives a unique solution. There were two solutions for 2, 3 or 4 clusters, although small numbers of patients (less than 1.2%) switched to different clusters while different initial values involved, and we regarded three clusters as a robust solution because it reported the smallest number who switched.
This study demonstrates again the importance of undertaking careful exploratory analysis of EQ-5D data before its use in different applications, such as health technology assessment and health care management processes involving patient reported outcome measurement. Any statistical techniques used should take account of features of the distribution of the data such as clustering, to make sure that inferences drawn are valid and reliable.
A further potential use of cluster analysis of EQ-5D data, as used in this study, is to provide a means of identifying distinct groups of patient pre-treatment and posttreatment, and to use that information to predict which patients might benefit the most from treatment and to investigate if there are groups of patients where it appears treatment is less successful. 
APPENDIX
